Abstract: The growth rates of the micro-organisms in bioreactors are described by complex kinetic expressions, and the modelling and estimation of such kinetics are essential for the design of control strategies. This study deals with the online estimation of kinetic rates of a baker's yeast process, taking place inside a fed-batch bioreactor. This bioprocess is widely used in bioindustry; its model is highly non-linear and, furthermore, the available online measurements are missing and the reaction kinetics is not perfectly known. The unknown kinetics is estimated by using non-linear observers, based on high-gain approach. Two high-gain observers are designed and implemented: one for the specific growth rates and the other for the reaction rates of the baker's yeast bioprocess. The multiple estimation schemes do not require any model for the kinetic rates. The tuning of the proposed observers is reduced to the calibration of a single parameter. An observer-based estimator is also implemented in order to use it for comparisons. Numerical simulations are included to test the behaviour and the performance of the proposed observers.
Introduction
The bioprocess monitoring and the design of advanced control strategies based on mathematical description of microorganisms growth kinetics is a key issue in bioindustry. The reactions taking place in bioprocesses are quite complex; therefore the kinetic models are usually obtained by considering simplified descriptions of the reaction system. However, in many cases, such models are not accurate enough in order to be successfully used in the control design. Other difficult problems are related to the identification of kinetic parameters and to the absence of cheap and reliable instrumentation for biological variables [1] [2] [3] [4] . Under these circumstances, the critical issue of the estimation of parameters, especially of the kinetic rates, can be solved using the so-called 'software sensors', which are combinations between hardware sensors and software estimators [1 -3] . Over the past decades, different approaches have been proposed for estimation of kinetics. An early approach was based on Kalman filter which leads to complex non-linear algorithms [5, 6] . A well-known technique is the approach based on adaptive systems theory, developed for bioprocesses by Bastin and Dochain [1] , which consists in the estimation of unmeasured states with asymptotic observers, and after that, the measurements and state estimates are used for online estimation of kinetics. This method was applied for various processes [7 -10] , but when many reactions are involved, it requires the calibration of too many parameters. To surmount this problem, a possibility is to design high-gain observers [11 -13] . The gain expression of these estimators involves a single tuning parameter whatever the number of components and reactions.
High-gain observers have evolved in the last period as an important tool for the design of output feedback control of non-linear systems [13] . The early work on these observers appeared in the late 1980s, and afterwards the technique was developed by two schools of researchers: a French school led by Gauthier and co-workers [11, 12] , and a US school led by Khalil [13] .
The baker's yeast process is extensively used in bakery, beer and wine industries. Usually, baker's yeast production is carried out into fed-batch bioreactors (FBBs). This bioprocess is highly non-linear and the reaction rates are quite complicated. However, some models were developed in order to describe this process. One of most utilised kinetic model, based on the well-known bottleneck hypothesis, was introduced by Sonnleitner and Käppeli [14] , and since then it has been used by many authors [7 -10, 15-17] .
In practice, the analytical models of kinetic rates are difficult to obtain. Therefore the uncertain reaction rates and/or specific growth rates need to be estimated online, in order to design control laws [18, 19] . Concerning the online estimation of kinetic rates in the baker's yeast bioprocess, some authors designed extended Kalman estimators [5, 6] ; in other works the adaptive approach and observer-based estimators (OBEs) were applied [8 -10, 20-22] . For example, Pomerleau and Perrier [20] used the OBE and a pole placement-based tuning in the estimation of specific growth rates of baker's yeast fermentation. Ferreira [7] , and Oliveira et al. [8, 22] proposed a second-order dynamicbased tuning for the design parameters of the same estimator. In both cases, two partial models are used to describe the process, that is, a multiple estimation scheme was developed (see also [9, 10] ). A comprehensive study concerning the estimation in baker's yeast fed-batch processes is presented in [19] . These estimation algorithms can provide online information required for the design of advanced control strategies. This paper, which is an extended work of [23] , deals with the design of high-gain observers for the unknown kinetics in a baker's yeast process that takes place inside an FBB. The observer design is based on the work of Gauthier et al. [12] . Farza et al. [11] focused on deriving global results under global Lipschitz conditions. The multiple estimation scheme developed for the baker's yeast process is based on the partition of the Sonnleitner and Käppeli model in two partial models (proposed in [17] , and used also in [7, 22] ). This approach allows us to exploit the model structure and to use the available online information about the process. Unlike other estimation schemes, the gain expression involves a single tuning parameter. In fact, two high-gain observers for the imprecisely known kinetics of the baker's yeast bioprocess are designed and implemented: one for the growth rates and the other for the reaction rates. The scheme does not require any model for the kinetic rates. If the observers require online state estimates, these will be provided by asymptotic observers. Also, a classical OBE is implemented, in order to be compared with the proposed high-gain observers. Several simulations were conducted in order to test the performance of observers and their behaviour in the presence of measurement noise.
Model of baker's yeast process
Living cells of Saccharomyces cerevisiae, which form baker's yeast, are predominantly used not only in bakery, beer and wine industries, but also for the production of insulin for diabetics, vaccines etc. [18] . Baker's yeast production is carried out into fed-batch fermenters with inoculums of S. cerevisiae culture and a glucose solution as substrate feed. Three metabolic pathways can be detected: respirative growth on glucose, fermentative growth on glucose and respirative growth on ethanol. The following kinetic model of baker's yeast process was introduced by Sonnleitner and Käppeli [14] . The reaction scheme is as follows [16] 
In the reaction schemes (1), S is the glucose, X the biomass, E the ethanol, C is the dissolved oxygen and G the dissolved carbon dioxide. The first reaction scheme represents the respiratory growth on glucose; the second reaction scheme the fermentative growth on glucose; and finally the third reaction represents the respiratory growth on ethanol. m 1 , m 2 and m 3 are the specific growth rates. The dynamical model can be obtained by using the mass balance of the components, considering that the bioreactor is well mixed, the yield coefficients are constant and the dynamic of the gas phase can be neglected [7, 14] 
This model is expressed as a set of differential equations, in terms of the concentrations of components, and with the additional equation (3), which represents the dynamics of culture volume in the reactor. The oxygen transfer rate
Next notations will be used: j = X S E C G T ,
In fact, this state-space model describes the behaviour of an entire class of bioprocesses [1] . The term K . w(j) is the reaction kinetics, and 2Dj + F 2 Q is the exchange with the environment. The non-linear character is given by the reaction kinetics, its modelling being the most difficult task. The form of kinetics is complex and in many cases unknown. The reaction rates can be written as w(j, t) ¼ H(j) . m(j, t), where H(j) is a state-dependent diagonal matrix. The specific growth rates are considered as a vector of time-varying parameters. For the yeast process (4), H(j) is simple
Then the model (5) becomeṡ
There are many possible models of reaction rates [14, 18, 22] . Yet, the yeast growth on glucose with ethanol production is usually described by the next three metabolic reactions. First, the reaction rate of the respiratory growth on glucose, and the associated specific growth rate are [17] 
with m s and m cmax modelled by Monod-type laws:
Second, the reaction rate of fermentative growth on glucose, and the associated specific rate are
Finally, the reaction rate of the respiratory growth on ethanol, and the specific growth rate are [17] 
where m e is modelled by a Monod-type law:
The above kinetic model, given by the (8) - (10), assumes a limited capacity of yeast, leading to the production of ethanol under conditions of oxygen limitation and/or high glucose concentration. Depending on glucose critical concentration, two operating regimes can be observed. At glucose concentration lower than its critical value, the system is in the respirative regime (R), whereas at glucose concentration higher than its critical value, the system is in the so-called respiro-fermentative regime (RF) [14, 18] . However, in practice, the analytical models of reaction rates w(t) and/or of specific growth rates m(t) are difficult to obtain. Therefore these uncertain kinetic rates need to be estimated online. If we consider the vector of unknown parameters denoted r(t) (with r(t) ¼ w(t) or r(t) ¼ m(t)), then the model of process can be written asj
with H( j) given by (6) if m(t) is unknown, and H( j) the identity matrix if w(t) is unknown. The model (11) contains three imprecisely known rates, which will be treated as unknown process variables. Since there are three unknown kinetics, the implementation of some state observers requires online measurements of three state variables. Also, the online estimation algorithms for kinetics (e.g. observer-based techniques) necessitate the knowledge of minimum three states. From the technological point of view, E, C and G are the online available states, so it is important to design estimators by using these measurements. However, according to the yield coefficient values, E, C and G are linearly dependent; thus, the corresponding yield matrix is ill conditioned [18, 21] . This would result in sensitive algorithms to numerical errors.
To solve this problem Pomerleau and Perrier [20] suggested a reformulation of model (4), based on the division of the process model into two partial models, corresponding to the above-described mechanisms: the respiro-fermentative partial model (RF) for the ethanol production state, and the respirative partial model (R), corresponding to the ethanol consumption state of the process. The RF and R partial models, respectively, are expressed aṡ
It can be noticed that the RF and R partial models have identical structures. The difference between them is given by the different yield matrices and by the specific growth rates vector
Therefore the partial models RF and R can be written in a compact forṁ
In order to put into evidence in these partial models the uncertain reaction rates and/or specific growth rates that need to be estimated online, we consider the vectors of unknown parameters denoted as r RF (t) (with
. Then the model (11) is reformulated as two partial models (RF and R)
with H(j) of the form (6) if m(t) is unknown, and H(j) the identity matrix if w(t) is unknown.
3 Non-linear observers for baker's yeast bioprocess
High-gain observers design
In the majority of bioprocesses, only a part of the concentrations of the components involved are measurable online. In such cases, an alternative is the use of state observers. At present, two classes of state observers for bioprocesses can be found in the literature [1, 2, 4] . The first class of observers (such as Luenberger and Kalman observers) are based on a perfect knowledge of the model structure. A disadvantage is that the uncertainty in kinetic parameters can generate possibly large bias in the estimation. A second class -the asymptotic observers -is based on the idea that the uncertainty in process models lies in the kinetics models. The design is based on mass and energy balances without the knowledge of the kinetics being necessary. Next, we shall suppose that the state variables of the baker's yeast process are measured online or are provided by state estimators.
In the process of designing high-gain observers for bioprocess, the model (11) derived from (5) will be used. In order to design high-gain observers, a factorisation of the model (11) is required [11, 12, 24] . We will consider that the yield matrix K is of full rank. This assumption is true for our particular model, and for general case of the class (5) is a generic property. Then the partition (K a , K b ) can be considered, such that the submatrix K a has full rank. Therefore a partition (j a , j b ) of the state vector is obtained, and consequently partitions for F and Q are achieved: (F a , F b ), (Q a , Q b ). Then, system (11) can be written as followṡ
We suppose j b to be known as a continuous signal, denoted s ¼ j b . Then consider the system [13] 
where g(t) is a bounded unknown function. The design of non-linear high-gain observers is done in [11, 12] . The system (20) belongs to the general class of non-linear systems [11] 
is the input, y is the output and F is an n × n matrix, whose elements are real and scalar functions of C q class (q ≥ 1) with respect to their arguments.
Remark 1: Usually, the gain of observers is calculated by solving some Riccati or Lyapunov differential equations [11, 12] . The high-gain observer design consists in a simple calculation of the gain by using algebraic Lyapunov equation.
The system (21) can be compactly written aṡ
wherẽ
Next, the following hypotheses will be considered [11, 12] H1:
H5: F is globally Lipschitz with respect to z 1 , locally uniformly Lipschitz with respect to s.
Consider now the systeṁ
; u and y are the input and, respectively, the output of the system (22)
S u is a unique positive-definite symmetric matrix.
Then, the next theorem can be formulated:
Theorem 1 [11] : Let (22) be the system that satisfies the hypotheses H1-H5. Then,
where u is an admissible command, u 1 is the upper bound of the command, z(t) is the trajectory of (22) associated to the input u,ẑ(t) is any trajectory of (23) and g is the superior bound of g . Furthermore, we have lim u 1 m u = 1 and lim u 1 M u = 0.
Remark 2: When g(t) ¼ 0, the non-linear observer (23) has an exponential convergence of the estimation error 1(t) =ẑ(t) − z(t). On the contrary, Theorem 1 demonstrates that the estimation error can become arbitrarily small choosing a sufficiently big value for the gain u.
The
It can be observed that the non-linear observer is quite simple and moreover the tuning of the gain can be done by modifying only one design parameter. The high-gain observer equations are applicable also for the bioprocess described by (11) [partitioned in the form (19) ]. The hypotheses H1 -H5 are fulfilled for this class of bioprocesses. However, the assumption H1 can generate some problems, but usually the modelling rules for the bioprocesses impose that the diagonal elements of the matrix F are equal to zero if and only if the bioreactor do not takes place any reaction Q1 [24] .
Online estimation of kinetic rates in the baker's yeast production process
In this section, by using the high-gain approach, the uncertain specific growth rates and reaction rates will be estimated online. Finally, an OBE will be implemented, in order to be used for comparison of the performance of proposed highgain observers.
The partial models (17) and (18) will be used, for the RF and R processes, respectively. C, G, OTR, CTR and F in are considered available online [7, 8, 9, 10, 22] . More precisely, the concentrations C and G are assumed to be directly or indirectly measurable online, the input feed rate is known, the oxygen transfer rate is computed as OTR ¼ K L a(C * 2 C) and the carbon dioxide transfer is computed as CTR ¼ K V K L aG. The other state variables (X, S, E) can be provided by some asymptotic state observers if needed.
The high-gain observer for the bioprocesses is obtained using (19) , (20) and (25)
The observer (26) provides online estimatesr for the unknown kinetics; this observer is in fact a copy of the bioprocess model, but with the state j a replaced by its estimateĵ a , and with a corrective term. The tuning of this observer is simple because a single parameter is involved: u.
Remark 3: Note that in (26),ĵ a is an 'estimate' of j a , provided by the algorithm in order to be compared with the real state (j a is measured or provided by a state observer), and the resulting error to be used in the estimators (26).
First, the high-gain observer (26) will be applied for the estimation of specific growth rates, for both RF and R partial models. The partition
T of the state vector is considered. Consequently, the following partitions are obtained
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Then the partial models RF and R can be rewritten in the form (19) . The application of the high-gain equations (26) leads to the next observer for online estimation of specific growth ratesĊ
The high-gain observer (27), (28) will be applied to both RF and R models, resulting two partial algorithms that must be alternatively used in accordance with the actual process state (ethanol production or consumption). The two algorithms are represented by the same equations (27), (28), but with different matrices K a and different estimated rates
T for the RF model and
T for the R model. Therefore for the RF model we have
and for the respirative model (R)
The high-gain estimation algorithm consists of (27), (28) and (29) for the partial RF model, the equations (27), (28) and (30) for the partial R model, plus a switching mechanism. Ideally speaking, this switching mechanism depends on the specific growth rates. However, the estimation of these specific growth rates is the goal of the proposed strategy. As in other estimation techniques (e.g. Pomerleau and Perrier [20] , Oliveira et al. [22] ), the switching mechanism is based on the transition between positive and negative values of specific growth rates estimates related to ethanol production (m 2 ) or consumption (m 3 ), which are provided by the algorithm itself.
Remark 4: It can be seen that both estimators need the measurements of C and G, but also of X. If the biomass concentration is not available online (in most cases), then the estimates X est provided by a state observer are needed. For example, an asymptotic observer can be designed (see [7] ).Ĉ andĜ are 'estimates' provided by the algorithms in order to be compared with real states C and G (which are measured), and the resulting error to be used in the highgain estimators.
Second, if we suppose that the entire reaction rate vector is unknown, the observer (26) will be applied for estimation of reaction rates, for both RF and R models. The same partition previously used for the estimation of the specific growth rates is defined, but taking into account that w i (j) = m i (j)X , i = 1, 3, the high-gain observer resulting from (26) is as followṡ
The high-gain observer (31), (32) will be applied to both partial RF and R models, resulting two partial algorithms that must be alternatively used in accordance with the actual process state: ethanol production or consumption. For the partial model (RF) we have the same structure of the matrices K a , K b as in (31), but withH(j a , s) the identity matrix, and
In the case of model (R) we have the same structure of the matrices K a , K b as in (30), but withH(j a , s) the identity matrix, and
The high-gain estimation algorithm consists of (31), (32), (33) for the partial RF model, (31), (32), (34) for the partial R model, plus a switching mechanism depending on the transition between positive and negative values of the reaction rate estimate related to ethanol production (ŵ 2 ) or consumption (ŵ 3 ).
Remark 5:
In the case of the reaction rates, both estimators need the measurements of C and G, but the measurements (or the estimates) of X are no longer required. Remember again thatĈ andĜ are 'estimates' provided by the algorithms in order to be compared with the real states, and the resulting error to be used in the high-gain estimators.
In the following, an OBE for the baker's yeast process will be derived, in order to use it to analyse and compare the performance of the proposed high-gain observers. To estimate the reaction rates of bioprocesses of the form (5), Bastin and Dochain [1] proposed an OBE, considering that all state variables are measurable in real time (otherwise, a state observer is needed), F, Q and D are measurable, and the matrix of yields coefficients K is known. The OBE is expressed aṡ
The first equation is a state observer, used for updating the estimater, and not for state estimation. The update is generated by the estimation error e = (j −ĵ ), whereĵ is the online estimation of the state vector. The error r −r is directly reflected by the estimation error e. C is a gain matrix; in the second equation, the injection matrix G is chosen such that C T G + GC is negative definite, with dim(C) ¼ dim(G) ¼ n × n. The design parameters are the matrices C and G, with a typical choice of diagonal form:
The implementation of estimator (35), (36) for the baker's yeast process leads to an observer with minimum ten tuning parameters (supposing that the same tuning parameters are used for the two RF and R models) [7, 8, 22] . However, a reduced-order OBE can be obtained by using a subset of the state equations provided that they involve all the kinetic rates that need to be estimated [1] . This approach has the advantage of a reduced number of observer equations and tuning parameters.
Next, a reduced-order OBE for the specific growth rates will be implemented, by using only the last two equations of models RF (12) and R (13) . The equations of the OBE are as followṡ
The OBE (37), (38) will be applied to both RF and R models, resulting two partial algorithms which must be alternatively used in accordance with the actual process state (ethanol production or consumption). The two algorithms are represented by the same equations (37), (38), but with different matricesK and different estimated rates. Therefore for the RF model we havẽ
The OBE algorithm consists of (37), (38), (39) for the partial RF model, (37), (38), and (40) for the partial R model, plus the switching mechanism, based on the transition between positive and negative values of specific growth rates estimates related to ethanol production (m 2 ) or consumption (m 3 ). The OBE (37) -(40) requires the calibration of minimum four tuning parameters (in fact, there are six tuning parameters, because c 2 and g 2 are different for the RF and R models).
Simulation results and discussions
The behaviour of high-gain observers developed for the baker's yeast process was analysed by using intensive simulations. The estimation results are compared with data generated from simulation of the process model (4). Also, the OBE was used for comparisons. The kinetic expressions are of form (8) - (10), and they are introduced only for simulation; so these models are not used in the process of observers design. The simulations were performed in MATLAB environment (registered trademark of The MathWorks Inc., USA). The numerical implementation of the proposed high-gain estimators requires a discrete-time formulation. However, the change from the continuous-time equations to the discrete time versions leads to some stability problems, in which the integration step acts an important role. One of the simplest approaches, frequently used, is Euler's discretisation of the continuous time equations. The implications in the stability of using such an Euler discretisation are analysed in several works [7, 8, 22] . In practical applications, sampling periods are generally set based on considerations external to the convergence problem, that is, when tuning the estimator the sampling period is already fixed. Next, the simulations are performed by using an Euler discretisation with a sampling period of 0.01 h.
The values of kinetic parameters and of yield coefficients used in simulations are presented in Table 1 [14] .
The simulations were carried out under the next initial conditions:
The feed rate profile from Fig. 1 was chosen in such a way to produce a switching between the RF and R metabolic states for a number of times [21, 22] . This figure also depicts the time evolution of volume. The profiles of state variables are plotted in Figs. 2 and 3 , respectively. As shown in Fig. 4 , the specific growth rates related to ethanol production and consumption switch alternatively from zero to positive values and are not at any instant simultaneously positive. Fig. 4 is divided into several regions corresponding to the two different metabolic states: RF and R. The curves shown in Fig. 4 are taken as the 'true' specific growth rate profiles, which will be the target parameters. These three specific rates are treated as three unknown process variables that must be estimated.
To analyse the performance and the behaviour of proposed estimators, two simulation scenarios were used:
1. The high-gain observer (27) -(30) was implemented, in the so-called ideal conditions, without noisy measurements or systematic measurements errors. The value of the tuning parameter was set to u ¼ 25. With the purpose of comparing the performance of the high-gain observer with other estimation technique, the OBE (37) - (40) The simulation results are presented in Figs. 5-7, which depict the time profiles of the estimated specific growth rates provided by the two estimation algorithms (high-gain observer and OBE), compared with the 'real' specific growth rates. Remark 6: The issue concerning the number of tuning parameters of an estimator can be analysed. In order to have more degrees of freedom, it seems reasonable to use more tuning parameters. However, this is the case when two or three parameters are tuned. Contrariwise, when we have a lot of parameters, it is quite difficult to find appropriate values for these parameters, especially when the calibration by trial and error is used.
2. In the second simulation scenario, the proposed observers are tested in some realistic conditions. The feed profile from Fig. 1 is used. Because the biomass concentration is not available online, in all simulations the estimates of X obtained with an asymptotic observer [7] were used. In order to test the robustness of the observer to noisy measurements, the measurements of C and G are vitiated by an additive Gaussian noise (zero mean and amplitude 5% of free noise values) - Fig. 8 . The influence of systematic measurements errors [25] is also very important. To test the influence of a systematic measurement error on the observer behaviour, systematic measurement errors for C and G were introduced, as it can be seen in Fig. 8 . As example, Fig. 9 shows the specific rate m 2 and its estimatem 2 obtained using vitiated measurements, when the high-gain observer (27) -(30) was used. It can be seen that the performance of the observer is deteriorated, but the effect of noise and systematic errors is quite limited.
The OBE (37) -(40) was implemented in the same conditions. The obtained results for the specific growth rate m 2 are depicted in Fig. 10 . The effect of noise and measurements errors seems to be more significant in the case of OBE.
Remark 7:
The second high-gain observer (31) -(34) was also implemented in order to obtain online estimates for the reaction rates w 1 , w 2 and w 3 . As example, the profiles of w 2 and of corresponding estimates are plotted in Fig. 11 . The simulations were performed for u ¼ 25, by using vitiated measurements of C and G. This second observer seems to behave better in the terms of noise sensitivity.
Several comparisons about the behaviour and performance of the proposed online estimation strategies can be achieved. An ample study regarding the estimation in baker's yeast processes is presented in [19] , where five different estimation methods are examined and compared (estimation methods based on models, based on observer, based on artificial neural networks etc.). Fig. 9 Specific growth rate estimate m 2 against 'real' rate m 2 (high-gain observer -vitiated measurements) Fig. 10 Comparison between the specific growth rate estimate m 2 , and the 'real' rate m 2 (OBE -vitiated measurements) Fig. 7 Comparison between the specific growth rate estimate m 3 , and the 'real' rate m 3 (high-gain observer and OBE -free noise case) Fig. 11 Evolution of reaction rate w 2 -solid line, and of its estimate ŵ 2 -dashed line m 2 (high-gain observer -vitiated measurements)
Various remarks can be done by visualisation of estimation errors, which in the case of specific growth rates are:
However, an accurate evaluation can be realised by using a criterion, for example, one based on averaged square estimation errors
where T S is the total simulation time.
The values of I 1 , I 2 , and I 3 computed for different values of tuning parameter and free noise data are given in Table 2 , and for vitiated measurements in Table 3 , in the case of the highgain observer (27) -(30). Also, the values of these criteria for the OBE (37) -(40) are presented in Table 4 and Table 5 , respectively, for different values of the tuning parameters.
Some comments concerning the behaviour of the high-gain observer for various values of u can be achieved from the simulation results and from the criteria presented in Tables 2 and 3 . If one decreases the value of the tuning parameter (u , 5), the estimation performance is highly deteriorated. On the other hand, the precision can be increased as much as we need if the tuning parameter is increased (u . 100 and more). This last assertion is correct only for the free noise case. The problem for a large value of u is that the observer becomes noise sensitive. Therefore the value of the tuning parameter of the high-gain observer is a compromise between a good estimation and the noise rejection.
From the simulated experiments, our conclusion is that the performance of the OBE is inferior to the performance of the high-gain observer. The trial-and-error process for the tuning of OBE parameters is time consuming. The time evolution of estimates provided by the OBE reveals an oscillatory profile (no matter what values of tuning parameters are used). This behaviour was also reported in other works [7, 8, 22] . Also, the implementation of the OBE algorithm raised some stiffness problems. The Euler discretisation failed in providing good results; therefore a fourth/fifth-order variable step integration was needed (a similar implementation was used in [7, 22] ). The effect of noisy measurements is more significant in the case of OBE.
From the simulations it can be seen that the measurement noise and the systematic measurements errors induce some deterioration of the kinetics estimates provided by the highgain observers, but this influence is limited.
Conclusions
In this paper, online estimation strategies for the unknown kinetics of a baker's yeast fed-batch bioprocess were studied. The dynamic non-linear model of the bioprocess was presented and a factorisation in two partial models was used to design the proposed observers.
Two high-gain observers were designed for the estimation of imprecisely known specific growth rates and of the reaction rates, respectively. Numerous simulations were conducted to analyse the behaviour and the performance of the proposed estimation strategies. Several simulation scenarios were used to provide realistic tests for the proposed observers. An OBE was implemented in order to compare the performance of the estimation. Among the advantages of the proposed high-gain estimation strategy over other reported approaches we enumerate: the simple implementation of the algorithm, the tuning of one single design parameter, the avoidance of illconditioned algorithms, a good behaviour with respect to noisy measurements and systematic measurements errors.
The estimation results can be improved if the tuning parameter is chosen higher in value, but only if the measurements are free noise. On the contrary, the observer becomes noise sensitive and it is possible that the estimates of kinetics cannot be utilised.
The obtained results are quite encouraging from simulation point of view. With the present work we expect to improve the acceptance of high-gain estimators for practical applications. 
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